We present a simple model that uses time series momentum in order to construct strategies that systematically outperform their benchmark. The simplicity of our model is elegant: We only require a benchmark time series and several related investable indizes, not requiring regression or other models to estimate our parameters.
Furthermore, we demonstrate that our model delivers a benefit versus a static portfolio with fixed mean weights, showing that timing of excess return momentum has a sizeable benefit vs. static allocations. This also applies to the passively investable equity factors, where we outperform a static factor exposure portfolio with statistical significance.
Also, we show that our model delivers an alpha after deducting transaction costs.
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1. Introduction 1.1. State of the research. Time series momentum is a long studied effect finding time stability of excess returns across a wide range of asset classes [15] . The most common application is to equity factors, relying on the timing of excess returns associated with the latter in order to construct an optimal portfolio. There is a wide range of models and research on factor momentum, most show a significant excess return with respect to the benchmark. Some models rely on time series information only [6, 10, 14] , while others include macro data [11, 13] . There has also been research linking excess factor returns to industry excess returns [1] .
1.2. What we do differently. There is a fundamental aspect separating our approach from the others: Simplicity. We do not rely on anything but the time series of the indizes across a look-back period T , a certain rebalancing frequency and a target tracking error for our portfolio, denoted by σ in the course of this paper. The simplicity has a profound advantage: Without having to delve into the specifics of the asset class and without having to use any assumption of return and volatility models, we can compute an optimal allocation solely based on time series data. Furthermore, we demonstrate that our risk targets are well met.
Methodology
In order to construct our portfolios, we use the following simple approach: Take several indices X i (t),1 ≤ i ≤ n and a benchmark X 0 (t). Consider the historic excess total return of the indizes: R i := X i X 0 and the associated return:
dR i dt Next, take an arbitrary time period T and define the average excess return:
and the covariance coefficients:
For simplicity, define:
Then there exists a unique portfolio P T satisfying:
This portfolio maximises the historic return over past time period T while having minimal tracking error below σ and satisfying the allocation restrictions M .
Universes
As our model is quite general and only requires the notion of a benchmark and several related indizes, we show that it can be applied to two very different asset classes to generate excess returns in comparison to the benchmark, irrespective of their different nature: Equity and bonds. We implement above algorithm in Python using the cvxpy library [5] and consider weights M = {(M l i = 0, M u i = 1)} and T = 91 days for all backtests.
3.1. Equity. The first application of our timing model, equity, has a natural set of indizes related to the standard market benchmark: Factor indizes. As factors intrinsically carry an excess return [2, 3, 7, 8, 9, 16, 17] , one can ask themselves whether timing their allocation provides a benefit with regards to the benchmark.
For these backtests, we consider the MSCI Benchmarks Europe, World and USA and add to each benchmark five factor indizes: Minimum Volatility, Momentum, Size, Value and Quality. As we are interested in the effect of rebalancing on the portfolio, we conduct two backtests for each benchmark, one with a rebalancing frequency of seven days, and one with 28 days between rebalancing dates. As we base our backtest on daily data, the backtest period starts the first year all indizes have daily data available. We fix the tracking error σ = 4%, which is a tracking error typically seen in actively managed portfolios and define our sets of benchmarks and indizes as follows.
3.1.1. World. The World subuniverse consists of the MSCI World Benchmark and the following indizes (we also list their Bloomberg tickers):
(1 3.2. Bonds. The second universe of assets we look at is bonds. Unlike equity, there is no readily investable factor universe for bonds, albeit there having been recent research about bond factors [12, 4] . For timing to work, though, in theory, we only need indizes that differ predictevely from the benchmark. In order to provide access to systematic performance deviation from the benchmark, we select from a pool of systematic indizes that have a broad range of performance drivers: inflation, securization, credit risk and interest rate risk. We choose a rebalancing frequency of 28 days and a tracking error of 2%. Index / LEG1TREU Index (7) High Yield: Bloomberg Barclays Pan-European High Yield / LP01TREU Index As with the equity backtests, our backtests starts Jan. 7th on the first year having daily data for all indizes, which is 2005-01-07.
3.3. Absolute Return. As a fun excercise demonstrating the simplicity of our model, we combine above indizes into an absolute return strategy: We again use T = 91 days, rebalance monthly and set our target tracking error to σ = 2% to the Eonia TR benchmark, use a both long only approach as well as a backtest with
e. a long-short approach, and define our universe as follows: 
Results
We report our data based on daily arithmetic returns and annualize the figures. We compute the following statistics:
• Examining the mean allocations per index, one can see that based on the mean allocation, one would expect a mean excess return of around 1.4% based on average allocation statistics, implying the 2.6% additional excess return is an active contribution from timing. We also tested the performance of the portfolio vs. an equal weighted portfolio, not finding any significant difference between the performance vs. mean or vs. equal weighted portfolios, hence we omit the latter. Further examined is the strategy alpha vs. a static strategy possessing the same mean allocation ("Mean"). The outperformance of the timing strategy vs. the mean allocation is significant with a p-value of 0.011304. With a TER of 0.57%, our 28-day strategy is still well viable after trading costs whereas the 7-day strategy would perform signifanctly worse. 4.1.2. US. Same as in the world universe, the outperformance of the strategy with respect to the benchmark is significant with a p-value of 0.004145. Again, the volatility is similar to that of the benchmark with a 38% higher annual return, the further picture is similar as well: A tracking error that well matches the 4% target and a lower MRDD than the factors themselves. The other characteristics of the US universe match the pattern found in world: An allocation contribution to excess return that is lower than the observes excess return, leaving an active contribution of roughly equal magnitude. However, the outperformance vs. a static portfolio of same mean weight is not statistically significant. Interestingly, after costs, the 28-day and 7-day strategy have approximately the same alpha. For the European universe, there still is an active component to excess return. However, it is not statistically significant. We find that the alpha ex costs of the 7-day strategy is nearly half that of the 28-day strategy. If one looks at the mean allocation, there is a 40% High Yield quota. However, the risk profile of the strategy seems nowhere near that of High Yield, its volatility and tracking error are markedly lower. The MRDD is drastically smaller -at only 5.3% compared to the 37.8% drawdown of the High Yield index compared to the benchmark during the Global Financial Crisis. The active component of the return is sizeable and with a cost of 0.48% p.a. the strategy would still yield an alpha of 2.9%. We have a significant outperformance vs. a static portfolio allocation at a p-value of 0.0005. 4.3. Absolute Return. The strategy works once more. Both long short and long only have a significant information ratio (p-value < 0.00001). The volatility of the long only strategy is much closer to the target volatility of 2%, the difference might be due to a large absolute position exposure of the long short strategy. The mean weights are interesting with a mean negative equity exposure for the long short strategy and a significant high yield allocation in both strategies. Despite such a significant high yield exposure, our maximal drawdown, which peaks during the global financial crisis, is well under control for an absolute return strategy. However, the high TER and poorer tracking error render the long short strategy inattractive in comparison to the long only approach. The outperformance vs. a static mean weight allocation is significant in the long short approach (p-value < 0.00001), whereas it is not signficant for the long only one. 
Conclusion
To summarize, this paper contributes to the debate whether timing in Portfolio Management decisions are possible or not. In contrast to most of the existing studies we use a simple model that uses time series momentum in order to construct strategies that systematically outperform their benchmark. The one size fits all model works in both the equity and bond markets where it was possible to achieve statistically significant alpha in some cases, and an alpha in all. If you combine stocks and bonds and measure them against a cash benchmark (Absolute Return), the results are even better. The approach presented in this paper has not been discussed in this form until now. It turns out that price momentum alone can lead to significant results.
In contrast to other researchers, we rely only on time series of the indices of equities and bonds across a look-back period, a certain rebalancing frequency and a target tracking error for our portfolio. We were able to demonstrate that the risk targets were met, and, at the same time, significant results could be achieved compared to the selected benchmarks. This fact is due in particular to the rotation model presented which natively includes correlation effects. Although this approach is burdened by high transaction costs, there are still results that can largely be classified as significant. This applies in particular to the strategies with global stocks, bonds and absolute return.
As to our stock results, one might expect that the idiosyncratic risk of smaller universes contributes to noise and hence lower returns due to more volatility. The signal for the benchmark MSCI World was able to achieve better results than would have been the case in isolation for the USA and Europe, which would be in agreement with that hypothesis.
An impressive result was achieved in the area of bonds, which can be classified as statistically highly significant. This is because of a high High Yield quota. However, the risk profile of the strategy seems nowhere near that of High Yield, its volatility and tracking error are markedly lower. The same is true for Absolute Return. High Yield Bonds are a core investment in the long only as well as in the long short strategy.
Lastly, across all asset universes, we find significant benefits of timing vs. static allocations. In fact, in no backtest, we found negative excess returns of our timing strategy vs. the static allocations. As our model is easily implementable and can be realized using only passively investable products such as ETFs, this enables a new set of "semi-passive" allocations that actively time their exposure with a general model to generate excess returns at a fixed target volatility.
Appendix
As a sample implementation, we provide our code in the appendix. The first snippet is an optimiser using cvxpy [5] to compute the optimal exposure relative to the benchmark. The next snippet then takes that optimal allocation and adds the benchmark exposure.
